Adaptive Cluster Sampling (ACS) is introduced as a technique to use when "natural" groupings are evident in a spatially distributed population, especially sparsely distributed populations. An ACS sampling design will allow efficient allocation of survey manpower with more effective decision rules for where/when to allocate those resources. In particular, given a clustered distribution, ACS would result in a lower variance of the mean estimator than Simple Random Sampling (SRS). This paper derives a linear inequality based on a ratio of variances and the SRS sample size to determine the conditions under which ACS would be a more appropriate sampling strategy. This inequality could be used to make preliminary decisions on the potential benefits of pursuing an ACS design over an SRS design. The relationship between relative efficiency of ACS over SRS is discussed for (1) variable conditions for neighborhood expansion (Conditions to Adpat) (2) the degree of clustering and (3) the percent of hits in a particular neighborhood. Simulation results demonstrate how 'rare' clusters should be for ACS to be a better design than SRS. The relationships that emerge from the simulation provide insights that were not apparent in the analysis. The results are important in the estimation of thresher shark landings along the California coast.
INTRODUCTION
Natural resource management applications are rich in situations where distributions of items to be sampled occur in patterns that are clustered in space or time. This usually occurs because there are inherent associations (e.g., behavioral, environmental) between items or organisms that may be unknown to the observer or scientist but which essentially determine the properties of that distribution (E.g., means, variances, characteristics of clusters etc). Several sampling designs such as simple random, stratified, systematic, systematic cluster, unequal probability, traditional cluster, adaptive cluster etc. are used to estimate these distribution properties. (?) compared these techniques applied to widespread aggregation of larval walleye pollock in the Gulf of Alaska.
In contrast to the preceding, in this paper, we focus on adaptive cluster sampling and attempt to compare it to traditional cluster sampling and simple random sampling. A comprehensive review of adaptive cluster sampling can be found in (?), (?) and (?). (?) developed an adaptive cluster sampling design to estimate the abundance of rockfish populations. Along similar lines, an adaptive sampling design was developed for application to survey sampling of catches of thresher sharks in a Southern California sport fishery (?).
In the above application, estimators were derived to estimate the abundance of common thresher sharks (Alopias Vulpinus), a U.S. federally managed species (PFMC, 2004) , caught in sport fishery primarily off the coast of Southern California. Problems in the estimation of sport fishery characteristics are a different challenge from the estimation of the same properties from commercial fisheries where extensive capture gear is employed. In this particular sport fishery, the California Department of Fish and Wildlife monitors public boat ramps, docks, and marinas where sport vessels return after fishing for thresher sharks. Marinas are located along the coast of California from Point Conception to the Oregon coast. Some of these marinas are clustered close to city areas. Captures are generally from fishing relatively close to the coastline, usually within state water boundaries (i.e., out to three nautical miles). Fishing gear for thresher shark sport fisheries is less of an issue than for commercial thresher shark fisheries since sport fisheries are restricted to one fishing rod per individual fisherman, each of whom has a license. There may be multiple anglers and/or rods on any given vessel trip but the Department of Fish and Wildlife samplers query for this.
The common thresher shark is a member of the genus Alopidae distinguished from other sharks by the presence of a large asymmetric split tail fin that it uses to stun and capture its preferred prey consisting primarily of mackerel, sardine, and squid. It is classified as a migratory species and thus falls under international laws that regulate migratory species. (Article 64 of the UN Laws of the Seas (UNCLOS)). Therefore, there are national and international responsibilities to monitor the catch of these sharks, bearing in mind that the word catch is a euphemism for mortality. The sport fishery targets sharks of all age classes with the predominant catch being juveniles (pre-reproductive) from the first to the fifth year of their lives. During the spring to early summer months, older and actively reproducing thresher sharks will aggregate to feed and when conditions favorable to give birth to pups. There is a demographic relationship between juveniles and the mature adults so that over-harvesting of the young ones may lead to an insufficient number moving into the mature, reproductive category, leading to the possibility of local depletion and over-exploitation , a phenomenon that occurred back in the late 1980s-early 1990s when the U.S. commercial drift gillnet fishery for swordfish and common thresher sharks was fished at an unsustainable level . Conservation and management measures were put in place to address the sustainability issues leading to a rebound in the population. These conservation measures focused solely on commercial fisheries leaving unchanged the regulations on recreational shark fisheries. These regulations include a 2 shark per day per angler bag limit and no season or size restrictions.
Adaptive Cluster Sampling (ACS) is applied to find an estimate of the number of threshers caught in particular time intervals over a range of areas (sampling units consisting of public launch ramps and marinas), in which clustering of boats returning with shark catches have been observed. The sharks have demonstrated a north-south movement pattern along the coast responding to cues such as water temperature, food etc. An earlier study used a stratified simple random sampling design of the public launch ramps and marinas and provided in some instances, estimates with huge variances. In that study, the California coast was split into strata, north-south along the coast; within each stratum random sites were chosen for sampling. The ratio: the number of randomly chosen sites per stratum/ the total number of sites in that stratum (sampling proportion per stratum) across all strata was held constant, to derive the necessary estimators.
Traditional cluster sampling is an alternative design to stratified simple random sampling to estimate catch. In this method, the estimate for the variance of the mean number of boats returning with shark catch will require prior knowledge of the number of public ramp and marina clusters and consequently the number of public ramps and marinas in each cluster, which would then be subsampled to get the total number of boats with shark catches. However, criteria to define clusters are not available, thus sample designs are not necessarily unique. The characteristics of ACS that fit the circumstances not achieved by cluster sampling are (a) it adapts to whether selected sample units fall within a cluster and (b) adapts to detecting a cluster, if one exists, without apriori knowledge of their existence . Achieving a theoretical comparison of the efficiency of traditional cluster sampling and ACS seems impractical, because of the fundamental difference in implementing the two designs. In ACS, one does not know apriori the sample size needed to achieve a certain level of variance, since the sample size evolves as the sampling activity progresses. In contrast, traditional cluster sampling needs complete knowledge about the number of clusters and within each cluster, the primary sampling units, to achieve a certain a level of the variance of an estimate.
Appendix A presents estimators from traditional cluster sampling and clarifies why it is impractical to make a theoretical comparison between traditional cluster sampling and ACS. ACS is equivalent to SRS if no clusters are found. Thus, comparison of ACS to SRS is straightforward and more natural in terms of the mathematics while comparison of ACS to traditional cluster sampling would be natural with respect to clusters. In this paper, the authors compare ACS vs SRS and include a simulation study that provides insights into the sensitivity and efficiency of ACS relative to the degree of clustering.
The outstanding advantage of adaptive sampling is its suitability for sparsely distributed, clustered populations. When comparing sampling designs, the efficiency of one design over another is measured in terms of relative variances. Another important component of efficiency is measured in terms of the cost to carry out the sampling design. The relative efficiency addressed in this paper is in terms of variances only, which is the basis for comparing ACS to SRS sampling designs.
METHODOLOGY
In an adaptive cluster sampling design, an initial random sample of n 1 sample units is selected from N units of the population. Each unit in the population may represent a quadrat or some fixed region with an associated neighborhood. The neighborhood of sample unit i is defined as unit i plus all the adjacent units that satisfy a certain threshold criterion to determine if additional samples should be taken in that neighborhood. Whenever the y-value of unit i in the sample satisfies a criterion (e.g. y i > C ), where C is a specified constant), all units in the neighborhood of i are added to the sample. This process is iterated for every sample unit that satisfies the threshold criterion, including the ones that are newly added to a network, where a network is defined as a subset of all sample units within a cluster such that if any sample unit of the network is selected, all other plots of this network will enter into the sample. For rare event sampling, such as the theresher shark application, a criterion y i > 1 is used for expanding neighborhoods, since the problem involved sampling for a rare species, thus even a small criterion was enough to trigger an adaptive sampling network. As can be clearly seen, specification of a criterion will vary from one study to another and is usually done in consultation with people familiar with the system and the response variable and its behavior. It is noted here that just as stratified SRS improves precision over SRS, similarly ACS with stratification can reduce the variance over a standalone ACS design.
DEFINITION OF SYMBOLS USED
The symbols used in this paper are in concurrence with the symbols used in (?) and (?).
Let N -Number of units in a finite population with a variable of interest y i in the i th unit. 
m -Number of sample units for a simple random sample where units are chosen randomly from N units.
var(acs) Variance estimator for the estimated mean as a result of adaptive sampling.
var(srs)-Variance estimator for the estimated mean as a result of simple random sampling.
DERIVATIONS
Thompson (1996, pp. 151, eq. 5.1) provides an expression for the relative efficiency of a conventional simple random sampling (SRS) design with sample size m, to the adaptive cluster sampling (ACS) strategy of initial sample size n 1 in terms of their respective variances. This is given by:
Thus, adaptive sampling will have a lower variance than simple random sampling if the withinnetwork variance of the population is sufficiently high and occurs in patches. Moreover, for given sample sizes m and n 1 , adaptive cluster sampling will be more efficient if the within network variation represents a large proportion of the overall variation, since larger the proportion, smaller the quantity within equation (1). The adaptive criterion C that defines the conditions for expansion of a neighborhood plays a critical role here. This criterion governs the partitioning of networks in the population and is directly proportional to the characteristics of highly aggregated clusters that occur in the population. Equation (2) below describes the conditions under which ACS will be a "superior" sampling design compared to SRS, ie ACS will lead to a lower variance than SRS. The derivation for this inequality of provided in Appendix B.
Immediate observations from Equation (2): 1. If n 1 = m, then the variance of estimators obtained using adaptive sampling is always lower than the variance obtained using simple random sampling. This is because the left-hand side (LHS) becomes 0 and the right-hand side (RHS) is always a strictly positive quantity.
2. If n 1 > m, then the LHS is a negative number and the RHS is a positive number. Thus, adaptive sampling will perform better than SRS.
3. Adaptive sampling will require a smaller initial sample to obtain the same precision as SRS.
That is, n 1 < m .
In general, for a complex survey design, we usually need a larger sample size to generate the same level of precision as SRS. It is only the initial number of samples for adaptive sampling that is claimed to be lower than those required for SRS. At the end of the study, with expanded neighborhoods grouped in clusters, the number of sample units sampled is higher. Thus, we may achieve better precision using adaptive cluster sampling than simple random sampling for a fixed cost, since traveling from one site to another is not random and depends upon the neighborhood of the site visited on the previous sample day. That is, even if a larger number of sample units are traversed, the cost may be lower for the same, or greater level of precision as SRS. Equation (A.7) in Appendix B expresses the variance of the population from two different sampling designs, the one from SRS and the double summation proportional to the ACS variance. The relationship between these variances and the variance of the means follows. For SRS, it is σ 2 m , and for ACS, it is given by equation(4) whereμ is the mean estimator for ACS. The sum of squares for the response variable can be considered to be a sum of within network and between network components, similar to a one way ANOVA (Thompson 1996) 
Therefore the variance of the adaptive cluster sampling estimator is found from the above by multiplying both sides of the equation by N −n 1 n 1 N (N −1) and rearranging terms, i.e.
Rearranging equation(4) leads to
Plugging the right hand side of the above into (2), we get
i.e. substituting the srs population variance,σ 2
Rearranging and factoring, we get
which can be rearranged to highlight the ratio of variances as:
where κ =
If N < m, the inequality cannot be valid. In the event of total enumeration, i.e., when N = m, variances are zero, which is the limiting case of the inequality. Thus, irrespective of the initial random sample size chosen for adaptive sampling, if (8) and (9) hold, ACS performs better than SRS. The last option of m < N is more complex and can be expressed in terms of either the N, m relationship or the ratio of variances. To further investigate the relationship in (9), multiply both sides of (9) m is the variance of the sample mean from SRS (without the finite population correction (FPC)), (9) can be rewritten as
i.e.
where
= mκ Equation (10) can be rearranged as:
The linear inequality (12) 
Spatial patterns can be generated from simulations based on the negative binomial and Poisson pdfs, since they would generate over dispersed data which in turn correspond to clustering. The aim is to study relative precision (defined as the ratio of
V ar(ACS) as data become more clustered. In our application, let a hit be the return of a vessel to a particular marina with at least one shark capture on a particular day. Different spatial distributions of hits can be simulated to correspond to spatial patterns of different marinas with hits. For completely unclustered data, the Variance/Mean ratio is 1 (Poisson). As this ratio is increased (data simulated from a negative binomial), the simulated data begin to show clustering. The spatial distribution of recreational fishing boats in the marinas can assume different forms, which, in this paper, range from random to clustered. This could represent, e.g., the marinas distributed along the California coastline, where anglers return with thresher shark catch.
Once data is simulated, both SRS and ACS can be applied to these data. A similar study was conducted by (?) et. al. to estimate plant disease incidence for varying Conditions to Adapt (CA), where CA is a preset criterion (number of hits) to be satisfied before further samples are taken in the neighborhood. If the numbers of hits are below the CA, then the next days' neighborhood samples are determined by SRS. The conditions to adapt are typical of a rare event, e.g. number of thresher shark catches on a particular sample day. It has been shown that ACS is most effective for rare events where the response variable of interest (here, number of hits) is infrequently observed (Thompson 1996; Pg. 8,9) . Therefore, as data become more clustered (indicated by increasing V/M ratio), the relative precision can be shown to be higher for a lower condition to adapt (e.g., CA=1). It can also be seen that as the hit level increases, relative precision decreases (i.e, if more boats return with a thresher shark catch per day, the relative precision decreases). This implies that relative precision is higher for rare, clustered data with a low condition to adapt. To summarize, the results as addressed in (?), which is also applicable in this shark application are :
1. Relative precision increases as data become more clustered (indicated by an increasing V/M ratio).
2. Relative precision is inversely related to Conditions to Adapt (CA), i.e., the lower the CA, the higher the relative precision (e.g., if CA=1, the relative precision is the highest).
3. Relative precision decreases as the hit level increases. That is, if more boats return with a thresher catch per day, the relative precision decreases.
ACS VS SRS FOR VARYING SPREAD OF CLUSTERS
Adaptive cluster sampling (ACS) has been recommended in situations where sparsely distributed populations occur in clusters or special groupings. Intuitive examples generally include animal populations found in pods (orcas), prides (lions), packs (wolves), and the thresher shark instance that has been discussed as part of this paper. In each of these animal examples, small groups of animals are likely to avoid other such groups, maintaining large distances between groups.
One can imagine an extreme example, where the centers of two or more clusters are so close relative to their spread that the overall population seems more evenly or randomly distributed. In such an instance the clusters would almost entirely overlap. For such an extreme example, it would seem that simple random sampling (SRS) would be the preferred design; although ACS may still yield slightly more precise estimates, the additional cost and complexity incurred by ACS may deter use of this scheme.This section begins an examination into whether there is a gradient of relative performance between ACS and SRS given varying relative distances between clustered subpopulations.
Data were simulated in R and both sampling schemes executed; population and variance estimates for both methods are compared.
A two-dimensional sampling frame of N = 400 units (20 by 20) was set up, and x and y coordinates of 5 cluster centers were randomly chosen using a uniform distribution. In order to simulate varying spread of clusters, a bivariate normal distribution was used to generate 50 data points centered around each of the 5 cluster centers. Five different spreads of clusters were analyzed: the bivariate normal standard deviation was set at 2 3 unit, 1 unit, 3 2 units, 2 units, and 3 units respectively. This scheme resulted in between 200 and 250 data points within the frame; as some of the 250 points sometimes fell outside of the sampling frame, these were not considered. Figure 1 shows the data points generated for each of the 5 standard deviations used.
For each of the 5 simulated populations, n=10 initial random samples were chosen 100 times. For the simple random sampling scheme, counts were taken for these 10 samples and estimates calculated. For the adaptive cluster sampling scheme, the 10 initial samples were used to build an ACS sample, where C > 0 in a unit triggered sampling of the adjacent 4 units, as outlined in (?).
Calculated estimates for ACS were compared to those found using SRS for each of the 100 sampling experiments and are averaged and presented in Table 2 . The R-code for Table 2 Comparing the relative efficiency estimates in Table 2 , the improvement in ACSs performance relative to SRS does improve with tighter, more widely spaced clusters as is to be expected (approximately twice for the most clustered populations). Variance estimates over 100 sampling experiments for the two least clustered populations were only 40-50 percent better using ACS than SRS; given the additional cost of ACS it might be more effective in these examples to use SRS.
The in between population, where the standard deviation of the bivariate normal distribution used to generate the data was 1.5 sampling units, shows that ACS might be a better design since it performs 75 percent better. It is also noted that these results are the result of one replicated simulated study and replication of the same study sometimes yielded only 20 percent improvement of ACS over SRS for the least clustered data. The question remains, is such a reduction worth the extra cost and complexity of adapting ACS? While this paper does not explore a cost effective approach, it is well worth additional exploration and should be one of the more important questions facing individual study designs. to apriori pick an initial sample size (n 1 ) to achieve a preset variance of sampling estimators. Thus, fixing n 1 as seen in inequality (2) is not practical. However, use of the ratio of the variance estimators for each sampling design is useful, since it allows one to preset the efficiency of ACS relative to SRS, in terms of: n 1 , the SRS sample size and, the desired precision (variance) ratio, κ 1 (Eqn. 12).
Recalling the well-known inverse relationship between variance and sample size, which translates to sampling cost, an adaptive design is more complicated than conventional designs and probably more costly to execute. ACS will perform better (lower variance estimates relative to SRS) for patchily distributed populations (Thompson, 1996) and, would perform less well in a population where the sample units are not clustered. That is, where sample units are either randomly or uniformly distributed.
Having addressed ACS relative to variance and sampling design, consideration of results relative to the application to sampling for rare events, is useful. How rare is rare has been discussed by simulating populations and noting that for tighter clusters, ACS reveals almost twice the efficiency of a traditional SRS design. For unclustered populations or when clusters significantly overlap, ACS still proves to be a better design, but given the additional cost, it involves further exploration on its relative merits.
Adaptive sampling designs are, in fact, not found in many sampling books and courses, although, in at least one case, a whole book is devoted exclusively to adaptive sampling designs (?). Nevertheless, in teaching adaptive sampling in other contexts, the second author has often had to provide guidance as to when the selection of adaptive cluster sampling designs will improve over cluster or simple random sampling designs. Referring to equation (2) was the best that could be done. The authors believe the result obtained in Equation (12) and its ramifications is a step forward. Further insight follows from the simulation results. 
Dividing both sides by n 1 N (N − 1) and cross multiplying, we get
Note that the terms not within the parantheses on the LHS represent the SRS population variance with mean µ. Thus,
Here σ 2 is the population variance 
